B-Raf is mutationally activated in 60 -80% of malignant melanomas as well as a large number of benign nevi, indicating a role in the initiation of malignant melanoma. Melanoma is the most aggressive form of skin cancer. Recently, protein kinase inhibitors have demonstrated remarkable clinical benefit in diseases that have been resistant to traditional chemotherapy, including chronic myelogenous leukemia (CML), gastrointestinal stromal tumors (GISTs), HER2/Neuamplified breast cancer, and renal cell carcinoma (1) (2) (3) (4) (5) (6) (7) (8) . Each of these diseases is characterized by genetic aberrations that activate protein signaling networks, which appears to be critical to the efficacy of protein kinase inhibitors. Activating mutations of B-Raf result in constitutive activation (phosphorylation) of MAPK (9, 10) . This pathway is also activated by mutation of N-Ras, which occurs in ϳ15% of melanomas (11, 12) . Mutant N-Ras activates the RAS-RAF-MEK-MAPK as well as the PI3K-AKT-mTOR pathways in vitro. Mutations of B-Raf and N-Ras appear to be mutually exclusive in melanoma tumors and cell lines (12) (13) (14) .
The high prevalence of activating mutations of components of the RAS-RAF-MEK-MAPK pathway suggests that it may be an effective therapeutic target in melanoma. The first B-Raf inhibitor to be used in clinical trials is sorafenib (Nexavar ® ), also known as BAY43-9006 (15) . Sorafenib is a small molecule inhibitor of wild-type B-Raf, mutant (V600E) B-Raf, and a number of tyrosine kinase receptors (16) . A Phase II singleagent study in patients with metastatic melanoma yielded disappointing results (16) . Among 20 patients, only 1 partial response was observed, and 3 patients had stable disease. The lack of a complete understanding of the underlying homeostatic mechanisms regulating the RAS/RAF/MEK/MAPK pathway and the effects of BRaf mutations on this pathway may contribute to the failure of monotherapy targeting individual components of the pathway. We thus sought to further define the homeostatic mechanisms controlling information transfer through the RAS/RAF/MEK/MAPK pathway (17) .
Analysis of mammalian signaling networks shows that a large percentage of signaling subnetwork motifs are feed-forward/feedback loops and bifans (18) . A recent analysis of network motifs of a 545 component 1259 interaction mammalian signaling network revealed 300 feed-forward loops and 1000 bifan subnetworks (18) . The role these network motifs play in regulating signaling is not entirely clear. These subnetwork motifs could serve both to prolong signaling on initiation by a stimuli and also to terminate the signal (18 -20) . Given the high frequency of occurrence of bifan motifs in signaling and transcriptional networks (18, 21) , we investigated whether coherent or incoherent bifan motifs regulate the mammalian MAPK1,2 network.
Signaling networks receive inputs from multiple upstream stimuli or receptor and must appropriately process this information into a clear message that results in the appropriate cellular outcomes. The MAPK1,2 network can be activated by signals from RTKs that activate Ras-C-Raf (22) and also by GPCR signals that activate B-Raf in a cAMP-dependent manner (23, 24 ) (see Supplemental Figs. S1 and S2). Signals from the G␣s-cAMP pathway also activate protein kinase A (PKA), which in turn phosphorylates C-Raf at Ser-259 and causes C-Raf to bind 14 -3-3 proteins rendering C-Raf inactive (25) (26) (27) (28) . Identified feedback loops in this network include a positive feedback loop from MAPK1,2 involving PKC and potentially C-Raf (20), a negative loop from MAPK1,2 to B-Raf (29), a negative feedback loop from MAPK to C-Raf (30), a positive feedback loop from MAPK to C-Raf (31) , and a feed-forward loop from PKC to adenylyl cyclase (32) (See Supplemental Figs. S2A, B and S3A, B, D and Fig. 2A ). In summary, these interactions form a partially incoherent bifan, where C-Raf receives a positive and a negative input from FGFR and MC1R, respectively, while B-Raf receives positive inputs from both receptors. Given this complexity in connectivity within the GPCR-RTK-MAPK network, it is a priori difficult to understand how signals are processed to modulate the temporal duration of MAPK1,2 activity and what molecules and motifs can regulate the response. However, a computational model incorporating these concepts offers the potential to both characterize the dynamics of signal transduction through a network and define combinational therapies that could improve patient outcome.
Sustained vs. transient activation of signaling molecules and pathways is an important regulatory mechanism within the cell. For example, sustained activation of MAPK1,2 (90 min or more) has been shown to increase gene expression and activation of c-Fos leading to cellular proliferation, whereas the transient activation of MAPK1,2 (less than 30 min) does not activate c-Fos (33, 34) . Similar effects are seen in NFkB signaling, where a transient or a sustained activation results in distinct changes in gene expression (35) . Physiological responses such as differentiation and cell division are often dependent on temporal duration of activation of signaling molecules such as MAPK1,2 (36, 37) . We have previously shown that the MAPK1,2 network can exists as a bistable system and can elicit either a sustained or transient response (20) .
In this study, we determined how bifan and loop motifs regulate the system properties of the mammalian MAPK1,2 network in human melanoma cells. To address this problem, we used an integrated approach of computational modeling and experimental analysis.
For the experimental analysis, we used SB2 human melanoma cells. This model system and cell line were chosen for several reasons. Melanocytes and melanoma cell lines endogenously express both fibroblast growth factor receptor (FGFR) (38) as well melanocortin 1 receptor (MC1R) (39) , which are important in their biology and the pathophysiology of melanoma. Fibroblast growth factor is an important mitogen for melanoma cells (40) , and the melanocortin 1 receptor, which is coupled to Gs, is important in normal biology as well as in the pathophysiology of melanoma (41) . Single-nucleotide polymorphisms of the MC1R that result in a loss-of-function variant of the receptor are a risk factor for the development of melanoma (42) . At the signaling level, B-Raf mutations occur in ϳ70% of melanomas, and B-Raf is a target for therapy (10) . The cell line we have used in this study endogenously expresses FGFR and MC1R, as well as wild-type B-Raf and C-Raf, and contains the V90 MC1R loss-of-function SNP. The computational model encompassed ordinary differential equations (ODE) to simulate the MAPK1,2 signaling network.
MATERIALS AND METHODS

Computational modeling
Two computational models were developed: Model A, a detailed 106 ODE system; and Model B, a reduced 6 ODE system. A previously published MAPK1,2 network model (20) and a published Gs-PKA module (43) were integrated to form Model A. The same parameter values and rate constants were used, except for FGF and FGFR, the values for which are in Table S1 . These two models were connected by the following interactions: 1) cAMP binding and activation of cAMP-GEF; 2) cAMP-GEF activation of Ras; 3) Ras activation of B-Raf; 4) B-Raf activation of MEK1; 5) PKA phosphorylation of Ser-259 of C-Raf; and 6) PP2A dephosphorylation of Ser-259 C-Raf. The connection from cAMP-GEF to B-Raf is mediated by a small G protein. The small G protein it is most commonly reported as Rap in many cell types. However, in melanoma it is not clear whether cAMP-GEF activates Rap or Ras. Regarding melanoma cells, Busca et al. (24) and Dumaz et al. (9) present data to suggest that Ras mediates the cAMP signal; whereas Gao et al. (44) suggest that Rap mediates the cAMP signal. Since the connection from cAMP-GEF to Rap/Ras is not well defined in melanoma, we chose to use the cAMP-GEF to Ras connection for the model. A coupled ordinary differential equation computational model of the network was developed and solved in Genesis/Kinetikit (19) . Parameter variation analysis was done on the network through iterations of modeling and experimental analysis. A parameter set was chosen such that the model output closely matched the experimental data. These parameter values were used for subsequent simulations. The biochemical parameters and concentrations that were used for the added components are shown in Supplemental Table S1 . The second model, Model B, of the reduced network was built and solved using MatLab. The parameters and constants are shown in Supplemental  Table S2 . TX, USA). SB2 melanoma cells endogenously express wild-type B-Raf, C-Raf, FGFR, and the V90 MC1R SNP (unpublished results, Drs. J. Ellerhorst and E. Grimm, Department of Experimental Therapeutics, University of Texas M.D. Anderson Cancer Center, Houston, TX, USA). Cells were routinely maintained in modified essential medium supplemented with 10% FBS. For signaling experiments, logarithmically growing cells were starved in 1% FBS for 16 h and then subjected to stimulations using basic fibroblast growth factor (FGF 20 ng/ml) (Cell Signaling Technology, Danvers, MA, USA) and/or melanocyte stimulating hormone (MSH, 2 M; Sigma-Aldrich, St. Louis, MO, USA). For washout experiments, cells were stimulated with fibroblast growth factor (FGF) and/or MSH for 5 min, washed, and incubated at 37°C in 1% medium for time periods indicated in figure legends. Where specified, cells were pretreated with the PKA inhibitor H89 (20 M) for 2 h prior to incubation with FGF and/or MSH. Controls were incubated for corresponding times with dimethyl sulfoxide. For some experiments, cells were treated with short interfering RNA (siRNA) for 48 h prior to treatment to knock down C-Raf (Cell Signaling Technology).
Antibodies
The following antibodies were used for immunoblotting and reverse phase protein microarrays (RPPAs): antiphosphop44/42 MAPK, p42MAPK (Cell Signaling Technology); anti-C-Raf (Upstate Biotechnology, Waltham, MA, USA); and anti-␤-Actin (Sigma-Aldrich).
SDS-PAGE and immunoblotting
Cells were lysed by incubation on ice for 15 min in a sample lysis buffer (50 mM HEPES; 150 mM NaCl; 1 mM EGTA; 10 mM sodium pyrophosphate, pH 7.4; 100 nM NaF; 1.5 mM MgCl 2 ; 10% glycerol; and 1% Triton X-100 plus protease inhibitors aprotinin, bestatin, leupeptin, E-64, and pepstatin A). Cell lysates were centrifuged at 15,000 g for 20 min at 4°C. The supernatant was frozen and stored at Ϫ20°C. Protein concentrations were determined using a protein-assay system (BCA, Bio-Rad, Hercules, CA, USA), with BSA as a standard. For immunoblotting, proteins (25 g) were separated by SDS-PAGE and transferred to Hybond-C membrane (GE Healthcare, Piscataway, NJ, USA). Blots were blocked for 60 min and incubated with primary antibodies overnight, followed by goat anti-mouse IgG-HRP (1:30,000; Cell Signaling Technology) or goat anti-rabbit IgG-HRP (1:10,000; Cell Signaling Technology) for 1 h. Secondary antibodies were detected by enhanced chemiluminescence (ECL) reagent (GE Healthcare). All experiments were repeated a minimum of three independent times.
RPPA
Lysates were prepared as for Western blotting. Cell lysates (1 g/l) were boiled in 1% SDS and hybridized under stringent conditions mimicking the conditions used in Western blotting. Using a GeneTac G3 DNA arrayer (Genomic Solutions, Ann Arbor, MI, USA), seven two-fold serial dilutions of cell lysates are arrayed on multiple nitrocellulose-coated glass slides (FAST Slides, Whatman Schleicher & Schuell, Keene, NH, USA). RPPA slides were produced in batches of 20. Printed slides were stored in desiccant at Ϫ20°C. Antibodies were screened for specificity by Western blotting with 25 g of lysate protein per lane. An antibody was accepted only if it produced a single predominant band at the expected molecular weight and where proteins behaved similarly on Western blotting and arrays following manipulation of signaling pathways or across multiple cell lines with a wide dynamic range. Each array was incubated with specific primary antibody, which was detected by using the catalyzed signal amplification (CSA) system (DAKO, Carpinteria, CA, USA). Briefly, each slide was washed in a mild stripping solution of Re-Blot Plus (Chemicon International, Temecula, CA, USA) then blocked with I-block (Tropix, Bedford, MA, USA) for at 30 min. Following the DAKO universal staining system, slides were then incubated with hydrogen peroxide, followed by avidin for 5 min, and biotin for 5 min. Slides were incubated with primary and secondary antibodies then incubated with streptavidin-peroxidase for 15 min, biotinyl tyramide (for amplification) for 15 min, and 3,3-diaminobenzidine tetrahydrochloride chromogen for 5 min. Between steps, the slide was washed with TBS-T buffer. Loading is determined by comparing phosphorylated and nonphosphorylated antibodies. Multiple controls are placed on each slide to facilitate quantification and validation of the assay. Spot intensity was measured using Image J (http://rsb.info.nih.gov/ij/l). Protein phosphorylation levels are expressed as a ratio to equivalent total proteins. Fold increases in spot intensities were calculated against nonstimulated control samples.
RESULTS
MSH transiently activates MAPK1,2
A detailed 106 ODE model of the MAPK1,2 network receiving inputs from FGF and MSH through the FGFR and MC1R was constructed (Model A). Model A includes two previously published subnetworks, the RTK-MAPK1,2 (20) and the Gs-PKA (43) subnetworks connected through cAMP-GEF activation of Ras-B-Raf and PKA inhibition of C-Raf. The table of molecules, initial concentrations, interactions, and constants are shown in Supplemental Table S1 . The network includes a putative bifan, two positive feedback loops, three negative feedback loops, and two feed-forward loops based on published literature (18, 21, 45) . We had previously shown that activation with platelet-derived growth factor (PDGF) leads to a sustained activation of MAPK1,2 (20) . Initially, investigations were performed to determine the duration of MAPK1,2 activity in response to a stimulus received through activation of a GPCR (MC1R). Computational modeling of the MAPK1,2 network with Model A, predicted that a 5-min stimulus of 0.02 M MSH would lead to only a transient increase in MAPK1,2 phosphorylation with a return to near basal levels 10 min after stimulus (Fig. 1A) if a positive feedback loop exists from MAPK to C-Raf. The MSH stimulus was predicted to result in a maximal activation of 0.16 M of active MAPK1,2, 5 min after stimulus. We have operationally defined a sustained activation as being at least 6 times longer than the stimuli. In our computational and experimental studies, the length of stimuli was 5 min and simulations were made up to 60 min after stimuli. However, computational modeling of a positive feedback loop to both C-Raf and B-Raf from MAPK1,2 shows a biphasic activation of MAPK1,2 in response to MSH (Supplemental Fig. S1C ). Given these two different potential outputs from Model A, we experimentally determined the MAPK1,2 response to MSH stimulation in SB2 melanoma cells. SB2 melanoma cells were serum-starved for 16 h and stimulated with 2 M MSH for 5 min. The cells were washed with serum-free medium and incubated for various lengths of time. The resulting phosphorylation of MAPK1,2 was determined by RPPA analysis. Experimental data show that MSH stimulation results in peak activity of phosphorylated MAPK1,2, 5 min after stimulus with a return to basal levels 10 min after stimulus (Fig. 1B) . Similar results were observed in MeWo human melanoma cells (data not shown). The same sets of lysates were probed for phospho-MAPK1,2 and total MAPK on a Western blot confirming that MAPK1,2 phosphorylation is only transiently increased in response to MSH (Supplemental Fig. S3A ). Therefore, based on the experimental results we eliminated the positive feedback from MAPK1,2 to B-Raf from the model and operated with a single positive feedback loop to C-Raf. The iterative use of computational simulation and experimental data is thus used to test and constrain the model.
FGF leads to a sustained activation of MAPK1,2
We have previously shown that stimulation by PDGF leads to a sustained activation of MAPK1,2 in mouse fibroblast cells (20) . We wanted to determine whether other growth factors that activate receptor tyrosine kinases, such as bFGF, can also elicit a sustained activation of MAPK1,2 in melanoma cells. Computational modeling of the network using the revised Model A, with a positive feedback from MAPK1,2 to C-Raf, suggested that a brief 5-min pulse of FGF would lead to a sustained increase in phosphorylated MAPK1,2 ( Fig.  1C) with a maximal increase of activated MAPK1,2 of 0.17 M. Additional reported pathway connection within the network include a negative feedback from MAPK1,2 to PKC (46) . We modeled these interactions individually and simulated the MAPK1,2 response with these different connections. The results from these simulations show that including a negative feedback from MAPK to PKC results in a more rapid reduction in MAPK1,2 activity as compared to the simulations with only a positive feedback loop (Supplemental Fig. S2C) . Interestingly, adding a feed-forward loop from PKC to AC (Supplemental Fig. S2D ) changed the predicted MAPK1,2 activation to a biphasic response (Supplemental Fig. S2E ). Given these different computational predictions, we determined the effects of bFGF on SB2 melanoma cells. Cells were serum-starved and stimulated with bFGF (20 ng/ml) for 5 min. The FGF was washed out, and cells were incubated for different lengths of time. The RPPA data show that a brief stimulus of FGF leads to a sustained increase in MAPK1,2 phosphorylation (Fig. 1D ) with a maximal increase in phosphorylated MAPK1,2, 10 min after stimulus. Similar results were obtained using Western blot analysis (Supplemental Fig. S3B ). Constraining the model based on the observed biological data, we eliminated the feed-forward loop from PKC to AC (Supplemental Fig. S2D ), as well as the negative feedback loop from MAPK1,2 to C-Raf (Supplemental Fig. S2B ). The resulting Model A used for further work contains a positive feedback loop from MAPK1,2 to C-Raf ( Fig.  2A) . 
The MC1R, FGFR, B-Raf, C-Raf bifan network
Based on the data from Fig. 1 , the detailed network we developed is shown in Fig. 2A . This final network Model A ( Fig. 2A) was used for the remainder of the work in this paper. The various interactions within the MAPK1,2 network predicts that signaling from MC1R and FGFR to B-Raf and C-Raf forms a partially incoherent bifan motif. This bifan motif is described as partially incoherent since B-Raf has coherent inputs (both positive from MC1R and FGFR), while C-Raf is incoherent (positive from FGFR and negative from MC1R). The bifan drives a positive feedback loop from MAPK,1,2 to C-Raf, this network structure is shown in Fig. 2B .
Reduction of network and computing the signal processing based on network structure
Based on connectivity to B-Raf and C-Raf we wanted to determine whether a reduced network could be developed into a predictive computational model. This reduction is a very important issue in the development of large quantitative predictive models of signaling networks. Our detailed ODE model already contains 106 equations, and adding on any other signaling pathways would very rapidly increase the model to several hundred ODEs. Computing hundreds of ODE's increases the likelihood of errors and, with the difference in time scales, can lead to stiff systems. We thus determine whether reducing the model to include only nodes that integrate signals would decrease the number of equations required to solve, while still maintaining the ability to predict experimental outcomes. Preserving the signatures of the network, feedbacks, and bifans, the network was reduced to the minimum informative network structure. A reduced network model was developed, Model B (Supplemental Fig. S5) , and tuned using the experimental data from Fig. 1B, D. The simulation from the reduced model predicts a transient activation of MAPK1, 2 on MSH stimulus (Fig.   2C ). Model B was constrained using the experimental data with resulting simulations predicting that activation of FGFR results in sustained activation of MAPK1,2 (Fig. 2D) . Having developed this reduced model and tuning it using the experimental data, we used Model B to predict the behavior of the system and compared it to predictions from the large, detailed Model A in the ensuing sets of studies.
C-Raf is essential for a sustained but not transient activation of MAPK1,2
Regulation of the temporal characteristics of the MAPK1,2 network by the two RAF isoforms is not known. Reports suggest that C-Raf is needed for activation of MAPK1,2 by B-Raf stimulatory pathways (47, 48) . We wanted to investigate how changing the relative protein levels of C-Raf and B-Raf would alter the MAPK1,2 response. Parameter variation of the concentrations of B-Raf and C-Raf was performed with the resultant computational data suggesting that the MAPK1,2 response is acutely sensitive to the relative concentrations of the two Raf isoforms (Fig. 3A) . Sensitivity analysis suggests that the relative amount of C-Raf would be critical for eliciting a sustained MAPK1,2 response. If the initial C-Raf protein concentration is equal to or higher than the B-Raf protein concentration, the MAPK1,2 network is predicted to respond to stimulus resulting in a sustained activation of MAPK1,2 (Fig. 3A) . We experimentally determined the relative expression of C-Raf and B-Raf in SB2 melanoma cells. Immunoprecipitation of C-and B-Raf followed by Coomassie blue staining of the immunoprecipitate showed that the expression levels of C-Raf and B-Raf are almost equal (Fig. 3B) . Closer examination of the MAPK1,2 response suggests that a steep C-Raf concentration dependency would be required to elicit a sustained MAPK1,2 response (Fig. 3C) . Based on Model B, we simulated the FGF activation of MAPK under conditions where the feedback to C-Raf was inhibited. The modeling simulation predicted only a transient activation of MAPK when feedback to C-Raf is blocked (Fig. 3D) . These computational modeling results predict that if C-Raf levels are decreased, FGF will no longer elicit a sustained MAPK1,2 response ( Fig. 3D ; dotted line). To experimentally test this hypothesis, cells were transfected with C-Raf specific siRNA and the levels of C-Raf were measured 72 h after transfection. The data show that C-Raf was knocked down by 60% using C-Raf siRNA with little effect on B-RAF (Supplemental Fig. S3D ). We then determined the MAPK1,2 response to stimulation by FGF under conditions of low C-Raf. Cells transfected with either C-Raf or nonspecific siRNA were serum-starved and stimulated with FGF for 5 min and the phosphorylation of MAPK1,2 measured over time. The data show that if C-Raf is knocked down, FGF can no longer elicit a sustained MAPK1,2 response, while a transient response is still present (Fig. 3E) . These data suggest that the expression level of C-Raf is critical for a sustained MAPK1,2 response.
The bifan motif can regulate the duration of MAPK1,2 activation
Having observed the differential regulation of the dynamics of MAPK1,2 activity by C-Raf, we wanted to determine whether the duration of MAPK1,2 activation can be modulated in a completely endogenous system. Activation of the Gs-PKA pathway phosphorylates C-Raf and inhibits C-Raf activity (28) . Therefore, we wanted to determine whether activation of the Gs-PKA pathway would gate the FGF-induced sustained activation of MAPK1,2 by inhibiting C-Raf. Computational modeling data from Model A ( Fig.  2A) predicted that a prepulse of MSH would inhibit FGF-induced sustained phosphorylation of MAPK1,2 (Fig. 4A) . While a pulse of FGF alone activated MAPK1,2 for longer than 70 min (Fig. 1C) , a prepulse of MSH followed by a pulse of FGF phosphorylated MAPK1,2 for less than 30 min (Fig. 4A) . Model B also predicted a transient activation of MAPK on a prepulse of MSH followed by FGF (Fig. 4B ). SB2 melanoma cells were serum-starved and stimulated with 2 M MSH for 5 min, followed by 20 ng/ml FGF for 5 min. Ligands were then washed out, and cells were incubated in serum-free media for different lengths of time. The data show that a prepulse of MSH does indeed inhibit the FGF-induced sustained activation of MAPK1,2 (Fig. 4C) . Similar data were obtained from Western blot analysis (Supplemental Fig. S3C ).
PKA is a key regulator determining the state of the MAPK1,2 network
The data thus far show that the levels and activation of specific Raf isoforms determine the temporal duration of activation of the MAPK1,2 network, whereby either knocking down C-Raf or inhibiting its function by activating PKA inhibits a sustained MAPK1,2 response. We further investigated the role of PKA in the MSH gating of the FGF-mediated MAPK1,2 network. The MSH regulation of MAPK1,2 is dependent on cAMP and PKA, where cAMP has been reported to activate B-Raf (24, 49) but PKA inhibits C-Raf (50). This divergence of the signal occurs on two different hierarchical steps, where cAMP is at a level higher than PKA. Therefore, it should be possible to inhibit PKA activity using a pharmacological inhibitor (H89), while at the same time allowing cAMP activation of B-Raf. Under this condition, we determined whether inhibiting PKA, and therefore not inhibiting C-Raf, would alter the MSH gating of MAPK1,2. SB2 melanoma cells were serum-starved, and PKA activity was blocked with the incubation of H89. Cells were stimulated with MSH for 5 min followed by FGF for 5 min, and the activity of MAPK1,2 was measured. The data show that if PKA is inhibited, MSH cannot gate the FGF activation of MAPK1,2 (Fig. 4D ).
Inhibiting the negative input into the bifan switches MAPK1,2 activation from transient to sustained
Computational modeling using Model A ( Fig. 2A) , of the MSH activation of MAPK1,2 under conditions where PKA is inhibited predicted that MSH stimulation would lead to a sustained activation of MAPK1,2 when PKA activity is blocked (Fig. 5A) . SB2 melanoma cells were serum-starved and incubated with 20 M H89 for 2 h to inhibit PKA activity. The cells were then stimulated with MSH for 5 min, and MAPK1,2 activity was measured over time. The data show that inhibiting PKA with H89 changes the MSH activation of MAPK1,2 from a transient response (Fig. 1B) to a sustained activation of MAPK1,2 in melanoma cells (Fig. 5B) .
DISCUSSION
Signaling networks are complex with numerous subnetwork motifs that can dramatically alter the activation of important regulatory molecules. We constructed a MAPK1,2 network in silico based on our previous studies and on the literature and experimentally tested it to understand the design principles of this signaling module. The model was constrained based on experimental data to result in Model A (Fig. 2A) . From these studies we show that the temporal duration of MAPK1,2 is distinct, depending on the activation signal. MC1R stimulation by MSH leads to only a transient activation of MAPK1,2. However, activation of FGFR leads to a sustained activation of MAPK1,2. These two incoming signals can interact such that the MC1R signal gates the FGFR signal to change it from a sustained to a transient activation of MAPK1,2 when the signals are processed through the partially incoherent bifan motif. The FGFR signal is coherent within the bifan to activate both C-Raf and B-Raf. C-Raf then couples to a positive feedback loop from C-Raf to MAPK1,2 back to C-Raf, resulting in a sustained activation of MAPK1,2. However, the MC1R signal is incoherent within the bifan where it activates B-Raf but inhibits C-Raf. This condition results in an inhibition of the C-Raf coupled feedback loop to and from MAPK1,2. The difference we observe in the sustained vs. transient activation of MAPK1,2 is explained by this difference in the connection within the bifan. While it is known that both B-Raf and C-Raf can activate MAPK1,2 (12, 13), here we show that the two isoforms have distinct roles in regulating the systems response of MAPK1,2. The system's response of MAPK1,2 activation is dependent on the nature of connectivity of the two receptors to B-Raf and C-Raf, which form a partially incoherent bifan. The incoherent bifan is the locus of signal integration from RTK and GPCR to MAPK1,2 with C-Raf acting as a logic gate. Computational modeling of the network of functional connections predicted the behavior of the system.
The bifan network controls the state of a positive feedback loop downstream from C-Raf to regulate the dynamics of MAPK1,2 activation. We have previously described the bistable properties of the MAPK1,2 network, which is dependent on a positive feedback loop from MAPK1,2 to C-Raf (20) . Here we show that altering the connectivity to the bifan motif changes the state of MAPK1,2 from a transient to a sustained response. Removing the inhibitory or incoherent connectivity by inhibiting PKA switches the MC1R mediated transient activation of MAPK1,2 to a sustained response. Activation of PKA by GPCR's serves to limit the duration of MAPK1,2 activity, and ligands that activate Gs receptors can balance growth factor activation of MAPK1,2 (18) . The FGFR signal leads to a sustained activation of MAPK1,2. However if C-Raf levels are knocked down or if C-Raf activity is inhibited, FGFR only elicits a transient activation of MAPK1,2. While FGFR can still transiently activate MAPK1,2 when C-Raf is knocked down, the sustained activation of MAPK1,2 is dependent on C-Raf. Our studies presented here show that sustained vs. transient activation of MAPK1,2 can be regulated by a feedback loop to C-Raf, which drives the systems response. PC12 rat pheochromocytoma cells also exhibit a temporal difference in MAPK phosphorylation in response to either EGF or NGF. Work by Santos et al. tained activation of MAPK in human melanoma cells. The two isoforms of Raf can activate MAPK1,2 with distinct temporal patterns of activity, suggesting that inhibiting C-Raf rather than B-Raf may have a greater effect on inhibiting MAPK1,2 activity. A previous modeling study of a linear pathway from B-Raf and C-Raf to MAPK1,2, which lacked the physiologically relevant feedback loops, suggested that a high concentration of B-Raf can lead to a sustained activation of MAPK1,2 (53) based on the parameters used in the model. We find that the concentration and activity of C-Raf is more important in maintaining the sustained response due to the feedback connectivity to C-Raf. Note that the immunoblot showed a darker band for B-Raf than C-Raf, but in fact when we immunodepleted the two Raf isoforms from aliquots of the same lysate and determined Raf levels by Coomassie blue staining, we observed that SB2 cells express more C-Raf than B-Raf. The role of C-Raf in maintaining the sustained MAPK activity may also explain why no C-Raf mutations have been found in melanoma. While B-Raf mutations are found in 70% of melanoma, B-Raf mutant expression by itself is not sufficient to drive transformation of cells but requires the addition of FGF (54) . While both B-Raf and C-Raf can activate MAPK1,2 (12, 13), our studies here show for the first time that the two isoforms have distinct systems properties in differentially regulating the temporal duration of MAPK1,2 activation based on feedback loops and signaling motifs within the MAPK1,2 subnetwork. Activating mutations of B-Raf are highly prevalent in melanoma while activating mutations in C-Raf have not been reported. A possible reason for this is that while the B-Raf mutation increase MAPK1,2 by constant activation, the increase in MAPK1,2 phosphorylation is only ϳ2 fold (9), possibly keeping the cells in an increased proliferative state and thus increasing the chances of additional mutations. Note that B-Raf mutations are found in all stages, including preneoplastic nevi and melanocytic lesions, suggesting that B-Raf mutations may be an early event in the development of melanoma. Activating mutations of C-Raf have not been reported; one possible mechanistic reason could be that activating mutations of C-Raf may result in cell death by driving MAPK1,2 and the positive feedback loop.
Developing large quantitative models of signaling networks is very important as we try to predict how signals are processed in response to activators and change in response to targeted manipulations. Building detailed ODE models of large networks is impractical due to the scale of the model. Alternative methods such as Boolean models have been suggested, but due to feedback loops the Boolean models are frequently unstable and lead to oscillatory behavior. Here we demonstrate that reduction of the network based on the biology of the connectivity is a very useful method to reduce the network while maintaining all subtle complexities resulting in a model able to robustly predict the effects of network perturbations. Development of such systems biology methods is highly dependent on very close co-operation between mathematicians and biologists and experimental validation and constraining of the model is vital. Indeed, as indicated herein a number of different models were predicted from the literature. We tested these directly resulting in the evolution of Model A (Supplemental Fig. S1A ) to the refined version of Model A depicted in Fig. 2A , which is considerably different in topology and in predictions.
Determining the systems function of signaling networks using an integrated approach of computational modeling, experimental biology, and targeted manipulations is very useful in identifying components and motifs that can regulate network function. These regulatory molecules could then serve as targets for therapeutic purposes. While a molecule might be an attractive target in the context of a linear pathway when one considers the feedback loops and interactions at a systems level, the same molecule may no longer provide to be a good target. Indeed, experimental and patient data for example suggest that a feedback loop in the phosphatidylinositol-3-kinase pathway limits the efficacy of targeting mTOR (55) . Thus, understanding the systems properties and design principles of signaling networks and developing models of the relevant interactions validated with experimental testing could aid in development and validation of targeted therapeutics.
Medium-to-high throughput biological methods such as RPPA have allowed us to measure changes in several signaling molecules in parallel from the same set of cell lysates. Using these data, we can begin to construct larger networks and determine how signals from the cell surface are processed through the signaling network. Computational analysis has allowed us to reverse-engineer the system and direct some of the experimental work. Such analysis is important in allowing us to fully understand complex biological networks permitting reverse engineering to achieve desirable outputs from biological systems.
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